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Abstract
Background: Postoperative ambulation status after spinal metastasis surgery is currently di�cult to
predict. Improved ability to predict this important postoperative outcome would improve management
decision-making and help in determining realistic goals of treatment. Accordingly, this study set forth to
develop machine learning models to predict ambulation outcomes after surgery for spinal metastasis.

Methods: This retrospective study included patients who underwent spinal metastasis at a university-
based medical center in Thailand during January 2009-November 2021. Collected data included
preoperative parameters, and ambulatory status at 90 and 180 days after surgery. Seven machine
learning algorithms, including decision tree, random forest, XGBoost, logistic regression, support vector
machine (SVM), neural network, and stochastic gradient descent (SGD), were developed to predict
ambulatory status at 90-days and 180-days postoperation. Model performance was evaluated using the
area under the receiver operating characteristic curve (AUC) and F1-score.

Results: A total of 178 patients were enrolled. The number of patients classi�ed as ambulatory at 90-days
and 180-days after surgery was 150 (84.3%) and 145 (81.5%) respectively. The XGBoost algorithm was
found to most accurately predict 180-day ambulatory outcome (AUC: 0.92, F1-score: 0.92), and the
random forest algorithm was shown to most accurately predict 90-day ambulatory outcome (AUC: 0.95,
F1-score: 0.94).

Conclusion: Machine learning algorithms were shown to be effective for predicting ambulatory status
after surgery for spinal metastasis. The XGBoost and random forest algorithms best predicted
postoperative ambulatory status at 180-days and 90-days after spinal metastasis surgery, respectively.

Introduction
The incidence of spinal metastasis is increasing as evidenced by recent studies that reported that
5%-10% of all cancer patients develop spinal metastasis 1–3. To determine treatment options, several
factors must be considered, such as disease factors, patient factors, and patient expectations. Taking all
of these factors into account, it is important to establish clear and realistic goals of treatment 4,5.

Treatments for spinal metastasis have rapidly improved to maximize survival and clinical outcomes 6.
However, despite advancements in treatment, some patients continue to have poor clinical outcomes and
are unable to ambulate after spinal metastasis surgery 7–10. Previous study proposed models for
predicting ambulatory ability after spinal metastasis surgery that were developed using conventional
statistical methods, but those models yielded only fair to moderate performance 11.

To yield improved bene�t from vast amounts of exponentially generated data, arti�cial intelligence (AI)
and machine learning (ML) were recently employed to develop new tools to improve spine treatment and
research 12,13. A number of applications using ML in the �eld of spine surgery were reported with
promising results that outperformed conventional statistical methods 14–17.
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Postoperative ambulation status after spinal metastasis surgery is di�cult to predict, and improved
ability to predict this important postoperative outcome would improve management decision-making and
help in determining clear and realistic goals of treatment. Accordingly, the aim of this study was to
develop machine learning algorithms to predict ambulation outcomes after surgery for spinal metastasis.

Materials And Method

Guidelines
This study followed the Transparent Reporting of a Multivariable Prediction Models for Individual
Prognosis or Diagnosis (TRIPOD) guidelines, and the Guidelines for Developing and Reporting Machine
Learning Models in Biomedical Research. All methods were performed in accordance with the relevant
guidelines, regulations and the declaration of Helsinki. The study protocol was approved by the Siriraj
Institutional Review Board (COA no. 978/2021, 937/2564[IRB1]).

Patient selection
Consecutive patients who underwent surgery for spinal metastasis at a university-based medical center in
Thailand during January 2009 to November 2021 were retrospectively enrolled. The inclusion criteria
were (i) diagnosis of spinal metastasis, (ii) 18 years of age or older, and (iii) underwent surgery for
cervical, thoracic, lumbar, and/or sacral metastasis/metastases. Patients who expired before 180 days
after surgery or who had no record of their ambulatory status at 180 days after surgery were excluded.
Written informed consent was waived by the Siriraj Institutional Review Board due to the retrospective
nature of this study.

Variables
Preoperative parameters were collected via retrospective chart review. Factors that were previously
reported to be signi�cantly associated with ambulatory status after spinal metastasis surgery 15,18−22

were collected, including age, gender, body mass index (BMI) (kg/m2), smoking status, American Society
of Anesthesiologists (ASA) classi�cation, presence of myelopathy before surgery, duration of
neurological de�cit, Frankel grading, level of spinal compression, level of spinal metastasis,
comorbidities, extraspinal bone metastasis, visceral metastasis, preoperative treatment (chemotherapy,
radiotherapy, targeted therapy), primary tumor origin, serum calcium level, albumin level, creatinine,
surgical procedure, level of surgery, and preoperative ambulatory status. Primary tumor histology was
also included to more fully and clearly describe the primary tumor.

Outcomes
Previous study reported that functional recovery reaches the plateau phase at 6 months after spinal
metastasis surgery 23. We, therefore, selected ambulatory status at 180 days after surgery as the primary
outcome, and ambulatory status at 90 days after surgery as the secondary outcome. Ambulatory status
as ‘ambulator’ was de�ned as patients who can walk without assistance (with or without gait aid).
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Patients who were unable to walk without assistance were classi�ed as ‘non-ambulators’. Predictors and
outcomes were independently reviewed by two different orthopedic surgeons for blind assessment.

Missing data
Patients with no primary or secondary outcome data were excluded. In cases with missing preoperative
data, multiple imputations with chained equations was used.

Prediction models
The ML models included in this study were used in previous study to evaluate survival among patients
with metastatic disease 24. The performance of all included ML models was compared to identify the
best performing model for both the primary and secondary outcome.

Seven ML models included decision tree, random forest, XGBoost, logistic regression, support vector
machine (SVM), neural network, and stochastic gradient descent (SGD). All models were created with
Python 3.9 using Scikit-learn library v.1.0.1 under open source simpli�ed BSD license 25.

The dataset was divided into the training set and the testing set at an 80:20 ratio. Model training was
conducted using the training set with performance validation by 5-fold cross-validation. A class weighting
strategy was also used to ensure that the trained model would take each class into equal account despite
class imbalance. Model performance was evaluated using the testing data set, and by evaluating and
comparing the area under the receiver operating characteristic curve (AUC) and F1-score among the 7
models. An AUC of 0.7–0.8 indicates fair performance, and an AUC of greater than 0.8 indicates good
performance. The F1-score, which is calculated using the precision and recall parameters, has a
maximum possible value of 1.0, which indicates perfect performance.

Results
Although a total of 405 patients with spinal metastasis met the inclusion criteria, only 245 of those
patients were still alive at 180 days after spinal metastasis surgery. Patients without recorded outcome
data were also excluded. In the end, 178 participants were enrolled in this study, including 79 men (44.4%)
and 99 women (55.6%). The mean age of all patients was 57.0 ± 11.6 years. The number of patients
classi�ed as ambulatory 90 days and 180 days after spinal metastasis surgery was 150 (84.3%) and 145
(81.5%), respectively.

Types of missing data included BMI in 9 (5.0%) patients, serum calcium level in 22 (12.0%) patients,
serum creatinine level in 4 (2.2%) patients, surgical procedure in 1 (0.5%) patient, and level of surgery in 3
(1.6%) patients. Multiple imputations with chained equation was used to impute the missing data.
Baseline characteristics compared between the ambulatory and non-ambulatory at 180 days groups are
shown in Table 1.
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The factors selected by the XGBoost algorithm that signi�cantly predict 180-day ambulatory outcome
were presence of symptomatic spinal compression at thoracic level (27%), histological �nding of primary
tumor (14%), serum creatinine level (13%), the primary source of tumor (12%), and cervical spinal
metastasis (12%). The factors selected by the random forest algorithm that signi�cantly predict 90-day
ambulatory outcome were preoperative ambulatory status (11%), symptomatic spinal compression at
thoracic level (8%), age (8%), serum albumin level (5%), and preoperative neurological status (5%).

Model evaluation for prediction of 180-day ambulatory
outcome
Among the 7 models that were evaluated, the XGBoost algorithm was shown to have the best
performance for predicting 180-day ambulatory outcome [AUC: 0.92 (Fig. 1), accuracy: 0.89, precision:
0.96, recall: 0.88, and F1-score: 0.92. Data speci�c to the 180-day prediction performance of all evaluated
models are given in Table 2.

Model evaluation for prediction of 90-day ambulatory
outcome
Of the seven evaluated models, the random forest algorithm demonstrated the best ability to predict 90-
day postoperative ambulatory outcome [AUC: 0.95 (Fig. 2), accuracy: 0.92, precision: 1.00, recall: 0.88,
and F1-score: 0.94]. Details relating to the 90-day prediction performance of all models are shown in
Table 3.

Discussion
Previous studies reported the bene�t of surgery in spinal metastasis relative to regaining ambulatory
status, pain-relief 8, quality of life score, and functional outcome score 23. However, despite promising
results from surgery, 3.6–15.3% of patients remained dependent and postoperative complications were
as high as 29–34% 7–10. Consistent with the rates reported from previous studies, 81.5% of spinal
metastasis patients in our study were ambulatory at 180 days after surgery.

Factors previously reported to be signi�cantly associated with postoperative clinical outcome were
baseline health-related quality of life (HRQOL), preoperative functional status, preoperative neurological
function, the interval from symptom to treatment, and the chronology of motor de�cit progression 10,19.
Our study demonstrated similar factors for the 90-day outcome, which related to preoperative patient
status, including preoperative neurological status and ambulatory status. In contrast, the factors found to
be most associated with 180-day postoperative ambulatory outcome were disease-related factors, such
as primary source of the tumor, histology, level of compression, and level of metastasis. A possible
explanation for this �nding may be that after a period of recovery, the effects of surgery may decrease,
and the natural course of the disease may become more dominant.
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Determining a clear and realistic treatment goal requires accurate information. Previous studies proposed
models to predict ambulatory status after spinal metastasis surgery that were developed using
conventional statistical methods. Ohashi, et al. retrospectively reviewed 82 cases and reported recovery
of ambulatory status to be correlated with a duration from the onset of neurological symptoms to gait
disability of fewer than 5 days (AUC: 0.72) and a Tokuhashi score of less than 7.5 points (AUC: 0.71) 11.
In the present study, we successfully developed seven ML algorithms and identi�ed the best predictive
model for ambulatory status at 180 days (XGBoost) and 90 days (random forest) after surgery with AUC
values of 0.92 and 0.95, respectively.

In the 180-day and 90-day study groups, the XGBoost model and random forest model yielded the best
results, respectively. In contrast to the SVM and neural network algorithms, the XGBoost and random
forest models were originally developed using a decision tree-based model, which is a practical strategy
for evaluating relatively small imbalanced-class datasets, such as those used in the present study. This
may explain why the XGBoost and random forest models outperformed the other ML models included in
this study.

Since most patients in our study were ambulators at 180 days after surgery, this imbalance in data
adversely affected ML algorithm development. To remedy this issue, we used a class weighting strategy
to optimize the training process, and we included the F1-score for model evaluation. The F1-score
provides valuable insights as a metric for examining imbalanced datasets. The XGBoost model, which
was shown to best predict ambulatory status at 180 days after surgery, had a very high F1-score of 0.92.
Another common problem when developing an ML model is over�tting. To counter the potential of
over�tting, we implemented 5-fold cross-validation to continuously monitor model performance during
training. Each model was then further evaluated using the testing dataset.

The previously published SORG ML algorithm has been widely adopted for treatment decision-making
and to predict survival in spinal metastatic disease patients17. However, in addition to the survival rate,
postoperative ambulatory status is also a very important factor that needs to be considered. This is the
�rst study to report models that predict 180-day and 90-day ambulatory outcome after spinal metastasis
surgery using ML algorithms. Our combined ML model, which allows the user to predict either 180-day or
90-day ambulatory status after surgery, has been deployed as an open access web application that can
be found at…

https://share.streamlit.io/orthosiriraj/outcome_post_op_metas_spine/main/main.py

Limitations
This study is limited by its retrospective single-center design. Moreover, our center is a national tertiary
referral hospital, which could limit the generalizability of our �ndings to other care settings. Another
potential limitation is that the relatively small amount of included data could limit of performance of ML.
To remedy this limitation and continue to improve the performance of our developed algorithms, we will
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continue to collect data that will be used to re�ne the performance of our ML models. Further multicenter
study and external validation are needed to shore up the results of this study and to establish the validity
of these algorithms for use in real-world clinical practice.

Conclusion
Machine learning algorithms were shown to be effective for predicting ambulatory status after surgery for
spinal metastasis. The XGBoost and random forest algorithms best predicted postoperative ambulatory
status at 180-days and 90-days after spinal metastasis surgery, respectively. Once externally validated for
use in routine clinical practice, these algorithms will improve case management decision-making and
help in determining clear and realistic goals of treatment.
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Tables
Table 1. Baseline characteristics of patients who underwent surgery for spinal metastasis compared
between the ambulatory and non-ambulatory at 180 days groups
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Variables Missing
data
(%)

Total Ambulatory at 180 days

(n=145, 81.5%)

Non-ambulatory at 180
days

(n=33, 18.5%)

Age (years) 0.0% 178 Mean: 52.2, SD: 11.3 Mean 59.7, SD 9.3

Gender 0.0% 178 Male 61 (42.0%), Female 84
(58.0%)

Male 18 (54.5%), Female 15
(45.5%)

Body mass
index (kg/m2)

5.1% 169 Mean: 22.05, SD: 4.52 Mean 22.80, SD 3.37

Current
smoker

0.0% 178 Yes 14 (9.7%), No 131 (90.3%) Yes 5 (15.2%), No 28
(84.8%)

ASA
classi�cation

0.0% 178 Class II 117 (80.7%), Class III 28
(19.3%)

Class II 28 (84.8%), Class III
5 (15.2%)

Comorbidities 0.0% 178 Neurogenic bladder 25 (17.2%),
Pneumonia 2 (1.4%), Stroke 1
(0.7%), Myocardial infarction 1
(0.7%), Delirium 2 (1.4%)

Neurogenic bladder 15
(45.5%), Pneumonia 1
(3.0%), Myocardial
infarction 1 (3.0%), Delirium
1 (3.0%)

Presence of
myelopathy

0.0% 178 Yes 47 (32.4%), No 98 (67.6%) Yes 15 (45.5%), No 18
(54.5%)

Duration of
neurological
de�cit (days)

0.0% 178 Mean: 15.2, SD: 22.3 Mean: 17.3, SD: 31.4

Frankel
grading

0.0% 178 A 1 (0.7%), B 9 (6.2%), C 43
(29.7%), D 72 (49.7%), E 20
(13.8%)

A 0 (0.0%), B 11 (33.3%), C
14 (42.4%), D 5 (15.2%), E 3
(9.1%)

Symptomatic
spinal
compression

0.0% 178 Cervical 18 (12.4%), Thoracic 37
(25.5%), Lumbar 1 (0.7%),
Sacrum 1 (0.7%)

Cervical 2 (6.1%), Thoracic
26 (78.8%), Lumbar 5
(15.2%)

Level of
metastasis

0.0% 178 Cervical 36 (24.8%), Thoracic 83
(57.2%), Lumbar 83 (57.2%),
Sacrum 18 (12.4%)

Cervical 6 (18.2%), Thoracic
29 (87.9%), Lumbar 8
(24.2%), Sacrum 1 (3.0%)

Extraspinal
bone
metastasis

0.0% 178 Yes 71 (49.0%), No 74 (51.0%) Yes 13 (39.4%), No 20
(60.6%)

Visceral
metastasis

0.0% 178 Yes 35 (24.1%), No 110 (75.9%) Yes 5 (15.2%), No 28
(84.8%)

Primary
tumor source

0.0% 178 Breast 42 (29.0%), Thyroid 10
(6.9%), Kidney 5 (3.4%), Lung 22
(15.2%), Prostate 12 (8.3%), Liver
5 (3.4%), Colorectal 5 (3.4%),
Cervix 1 (0.7%), Hematologic 5
(3.4%), Cholangiocarcinoma 4
(2.8%), Nasopharyngeal 5 (3.4%),

Breast 6 (18.2%), Thyroid 2
(6.1%), Kidney 2 (6.1%),
Lung 4 (12.1%), Prostate 5
(15.2%), Liver 2 (6.1%),
Hematologic 2 (6.1%),
Cholangiocarcinoma 2
(6.1%), Nasopharyngeal 2
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Unknown 18 (12.4%), Others 11
(7.6%)

(6.1%), Unknown 5 (15.2%),
Others 1 (3.0%)

Primary
tumor
histology

0.0% 178 Adenocarcinoma 88 (60.7%),
Squamous 11 (7.6%), Follicular 6
(4.1%), Small cell 1 (0.7%), Clear
cell 1 (0.7%), Unknown 36
(24.8%)

Adenocarcinoma 17
(51.5%), Squamous 3
(9.1%), Follicular 1 (3%),
Clear cell 3 (9.1%),
Unknown 9 (27.3%)

Preoperative
calcium
(mg/dL)

12.0% 157 Mean: 9.02, SD: 1.28 Mean: 8.98, SD: 0.67

Preoperative
albumin
(g/dL)

0.0% 178 Mean: 3.95, SD: 0.53 Mean: 3.78, SD: 0.45

Preoperative
creatinine
(mg/dL)

1.7% 175 Mean: 0.91. SD: 0.94 Mean: 0.76, SD: 0.54

Preoperative
treatment

0.0% 178 Molecular targeting therapy 6
(4.1%), Chemotherapy 53
(36.6%), Radiotherapy 42 (29.0%)

Chemotherapy 9 (27.3%),
Radiotherapy 6 (18.2%)

Preoperative
ambulatory
status

0.0% 178 Ambulator 83 (57.2%), Non-
ambulator 62 (42.8%)

Ambulator 5 (15.2%), Non-
ambulator 28 (84.8%)

 Abbreviations: SD, standard deviation; ASA, American Society of Anesthesiologists

Table 2. Machine learning model performance for predicting 180-day postsurgical ambulatory outcome

Model AUC Accuracy Precision Recall F1-score Calibration loss

XGBoost 0.92 0.89 0.96 0.88 0.92 0.26

Logistic regression 0.84 0.89 0.96 0.88 0.92 0.32

Random forest 0.91 0.89 1.00 0.85 0.92 0.18

SVM 0.82 0.78 0.78 0.96 0.86 0.19

SGD 0.55 0.69 0.73 0.92 0.81 0.33

Neural network 0.67 0.72 0.72 1.00 0.84 0.20

Decision tree 0.76 0.83 0.88 0.88 0.88 0.20

Abbreviations: AUC, area under the receiver operating characteristic curve; SVM, support vector machine;
SGD, stochastic gradient descent

Table 3. Machine learning model performance for predicting 90-day postsurgical ambulatory outcome
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Model AUC Accuracy Precision Recall F1-score Calibration loss

Random forest 0.95 0.92 1.00 0.88 0.94 0.20

Logistic regression 0.94 0.86 0.86 0.96 0.91 0.22

XGBoost 0.92 0.86 0.86 0.96 0.91 0.14

Decision tree 0.70 0.72 0.71 1.00 0.83 0.22

Neural network 0.84 0.75 0.75 0.96 0.84 0.21

SVM 0.88 0.83 0.88 0.88 0.88 0.17

SGD 0.79 0.81 0.85 0.88 0.86 0.19

Abbreviations: AUC, area under the receiver operating characteristic curve; SVM, support vector machine;
SGD, stochastic gradient descent

Figures

Figure 1
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Receiver operating characteristic (ROC) curve for the XGBoost model for predicting 180-day ambulatory
status. The area under the ROC curve (AUC) is 0.92.

Figure 2

Receiver operating characteristic (ROC) curve for the random forest model for predicting 90-day
ambulatory status. The area under the ROC curve (AUC) is 0.95.


